A smooth response sur face algorithm is developed as an elaborate data mining technique for analyzing gene expression data and constructing gene regulatory network. A threedimensional smooth response surface is generated to capture the biological relationship between the target and activator-repressor. This new technique is applied to functionally describe triplets of activators, repressors and targets, and their regulations in gene expression data. A diagnostic strategy is built into the algorithm to evaluate the scores of the triplets so that those with low scores are kept and a regulatory network is constructed based on this information and existing biological knowledge. The predictions based on the identified triplets in two yeast gene expression data sets agree with some experimental data in the literature. It provides a novel model with attractive mathematical and statistical features that make the algorithm valuable for mining expression or concentration information, assist in determining the function of uncharacterized proteins, and can lead to a better understanding of coherent pathways.
Introduction
The rapid advance of genome-scale sequencing is a driving force in the development of methods to exploit this information. The knowledge of the coding sequences of virtually every gene in an organism, for instance, has enabled the development of technology to simultaneously monitor the expression of all the genes. Microarrays use either cDNA clones or PCR products and print them robotically onto a glass microscope slide surface.
In contrast, Affymetrix GeneChip system designs oligonucleotides based on sequence information and synthesizes them in situ on the solid support using light-directed, solidphase combinational chemistry. These arrays are hybridized under stringent conditions with a complex sample representing mRNAs expressed in the test cell or tissue. By doing so, the technology measures the expression level of thousands of genes simultaneously using the oligonucleotides bound to a silicon surface. The results from these expression profiling technologies are quantitative and highly parallel, thereby allowing us to take an accurate snapshot of the workings of the cell in a particular state.
Cells regulate the expression of their genes in response to environmental changes.
Normally this regulation is beneficial to the cell, protecting it from starvation or injury.
However, errors in this regulation can lead to serious diseases ranging from cancer to heart disease. The pharmaceutical industry is beginning to recognize that gene regulation can be useful for both assaying drugs and as a source for new molecular targets--assuming the regulatory network is well understood. As such, changes in gene expression patterns can be used to assay drug efficacy throughout the drug discovery 4 process. One assay that takes advantage of the existing level of sequence information and is complementary to sequence and genetic analysis is gene expression profiling.
Expression profiling assays generate huge data that are not amenable to simple analysis.
A great challenge in maximizing the use of these data is to develop algorithms to interpret and interconnect results for different genes under different conditions.
Most existing methods for analyzing gene expression data are classical and modern statistical clustering techniques, which group genes with similar expression patterns. It includes the methods and applications of hierarchical clustering (1, 4, 8, 11, 15) , and selforganizing map (6, 16, 18) . The clustering methods, which only distinguish between those genes that have the same and different expression profiles, cannot fully reveal the complex cell regulatory network. Recently, a fuzzy logic approach (19) is proposed to generate a connected network of genes using gene expression data. The fuzzy logic algorithm provides a way to transform precise numbers into qualitative descriptions, then analyze this qualitative data using heuristic rules, and finally transform a qualitative descriptor in the heuristic solution back into a precise number.
To improve and extend the fuzzy logic algorithm, a smooth response surface (SRS) algorithm is introduced and developed as a more elaborate data mining technique with attractive mathematical and statistical features for analyzing gene expression data.
Response surface methodology focuses on the relationship between the response and the input factors in the study of a process or system and is widely used in manufacturing and high-tech industries. It can be used to optimize the response or to understand the 5 underlying mechanism (10, 20) . For the present study, a smooth mathematical model is proposed to describe a biological model that governs the qualitative relationship between an activator gene, a repressor gene and a target gene. A quantitative statistical approach is developed that can efficiently extract information from gene expression data to bear on the activator-repressor-target model. The SRS algorithm uses a 3D response surface as a graphic representation of a high-dimensional decision matrix (i.e. n n × decision matrix as n tends to infinity), and leads to a direct process of plug-in quantitative expression data.
In contrast, the fuzzy logic method uses some heuristic rules in a decision matrix, and consists of a stepwise process of fuzzification, decision-making and defuzzification.
Advantages of the SRS algorithm over fuzzy logic approach include noise tolerance, computational efficiency, and simpler data processing (i.e., from stepwise process to direct plug-in).
The SRS algorithm was used to analyze two yeast expression data gathered from the Affymetrix GeneChip system and cDNA microarray. By using yeast gene expression data collected at different time points of the cell cycle, we were able to identify many regulatory elements and their target genes within the cell that work together to maintain and control certain cellular processes. These qualitative, or heuristic, rules are similar to the judgement calls made by expert systems in data interpretation and can be used to describe the expected behaviors in more complicated biological models in the future. Most importantly, it can be used by combining with more compact and explicit mathematical formulae to extend a decision matrix in the fuzzy logic algorithm to a high-dimensional decision matrix in the proposed SRS algorithm.
Gene expression data sets. Public domain GeneChip and cDNA microarray data describing the yeast cell cycle (2, 4) were chosen to validate the SRS algorithm.
Data processing flowchart. The data processing flowchart of the SRS algorithm is illustrated in Fig. 1 . The input parameters and functions are shown in Table 1 , i.e., the ratio of the residual sum of squares and the total sum of squares, describes the proportion of variation in C that is not captured by the 3D response surface. A small value of lack-offit indicates that there is a strong activator-repressor-target relationship among A, B and C. To save storage and computation, only those triplets whose lack-of-fit values do not exceed a given constant RT are kept. 
Results
GeneChip data on yeast cell cycle. The SRS algorithm is applied to a public oligonucleotide GeneChip data set that studied gene expression profiles during the yeast were found to be less than 0.1. Fig. 3 shows the best 9 fitting triplets from the initial screening. However, the low lack-of-fit scores, except for the first triplet, are caused by the extreme values at the 90-minute point. Therefore, most of these triplets are not reliable and should not be interpreted as having a potential biological interrelationship.
These unreliable triplets have very large Diag values (>7.2) and are filtered out by the diagnostic procedure. Finally, 20,500 triplets with diagnostic measures less than 2 are selected and scored. Table 2 lists top 20 scoring triplets with known functions and Fig. 4 shows the first 9 triplets in graphics.
In order to evaluate the algorithm, the best scoring triplets were examined to see if they make biological sense. A complete table of all the triplets can be obtained from the authors. Fig. 5 shows a connected network of all triplets that have known functions.
Within this network, many predicted activator-repressor-target relationships have been 11 confirmed by published experimental results (3) . Looking at a few of common targets in this network, most associated regulatory genes either carry similar cellular functions or are involved in the same cellular process. For example, CDC9 encodes an ATPdependent DNA ligase and is an essential gene for cell division and DNA recombination.
Four of the identified regulators (i.e., SMC1, NIP29, BTT1 and NUM1) are functionally related. SMC1 acts as a positive regulator and is a chromosomal ATPase family member.
Like CDC9, SMC1 is involved in chromosome structure and segregation. Another positive regulator is NIP29 that is a structural protein for microtubule nucleation and spindle body duplication. For the two negative regulators, BTT1 has repressor effects on the expression of several genes and NUM1 functions in nuclear migration and microtubule polymerization.
Another major node in this predicted network highlights HAP1. The transcription factor HAP1 has been shown to repress the nuclear encoding cytochrome gene CYC7 under anaerobic growth and activate CYC7 under aerobic growth. The prediction suggests that HAP1 repress CYC7, which in turn accurately predicts that the cells used in this data set were primarily grown under anaerobic conditions. Two other gene products, FAA1 and HES1 that are involved in cellular lipid metabolism and ergosterol biosynthesis have also been implicated in HAP1 regulation in the literature (14) .
In addition, the SRS algorithm uncovered relationships for SPO13, CBF2 and YGP1.
SPO13 acts as a transcriptional activator and controls meiotic chromosome segregation.
CBF2 is a centromere-binding factor in a multisubunit kinetochore protein complex. The same data set was analyzed by fuzzy logic (19) . We compared the analysis results of the fuzzy logic and the SRS methods. In the fuzzy logic approach, 1,898 genes (30%) 
Discussion
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The validation studies show that the SRS algorithm provides a powerful data mining tool for analyzing gene expression data. In general, the findings of the algorithm agree well with published experimental results. This should not come as a surprise, because the algorithm searches for relationships that fit our scientific understanding of how an activator, repressor, and target should interact. By using essentially the same criteria that an experimenter would use to describe the regulatory function of a protein, the SRS algorithm approximates the thought process an expert would use in interpreting or analyzing this data. However, by applying a computational algorithm to the analysis of the data, we have provided a process of data sorting in an unbiased manner, quickly and efficiently.
The mathematical and statistical features make the SRS algorithm powerful and valuable for mining gene expression information. One of the important features is the use of a diagnostic strategy. It ensures that the triplets with unreliable measurements at one time point is filtered out and the final selected triplets would not have the biased data points.
For the yeast GeneChip data used in the validation study, there is one extreme time point (i.e. 90-minute) whose dynamic range of the intensities is quite different from other time points. One strategy is to remove the whole experiment from the data set (16) .
Removing the whole experiment can result in a severe loss of information as the extreme values only occur for some genes. For other genes in the experiment, the information they carry is still valuable and should be exploited in our algorithm. The leave-one-out diagnostic strategy has the ability to extract useful information from that time point and in the meanwhile to minimize error from the noise. To confirm this observation, we genes, a lack-of-fit formula is defined to filter the triplets from the initial screening. Then a diagnostic method is developed to refine the selected triplets and a score, which reflects the strength of the triplet interrelationship, is defined to rank the refined triplets. Finally, a gene regulatory network is constructed based on the top scoring triplets. 
